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ABSTRACT

Competence-based human resource management (HRM) emphasises the identification, development, and utili-
zation of employee competence to boost the organizational performance, particularly in high-tech sectors that
demand continuous competence advancement. Advanced artificial intelligence (AI)-based solutions, such as
large language models (LLMs), are transforming competence-based HRM by streamlining job position selection,
predicting emerging competencies, and designing targeted training plans, thereby enhancing knowledge sharing
and transfer. However, there is a significant gap in the literature regarding comprehensive LLM-based solutions
that automate the association of competence with professional roles and the semantic enrichment of corporate
competence taxonomies. In this study, we present two innovative solutions: the automated semantic taxonomy
enrichment methodology (ASTEM) and the role-competence embedding-based (RCE) framework. In particular,
we demonstrated the effectiveness of LLMs in bridging the informational gaps by generating coherent compe-
tence descriptions and creating accurate role-competence associations through a qualitative case study involving
a big company operating in the aerospace, defence, and security industry. The proposed solutions aim to reduce
manual effort, improve the precision of role-competence matches, and support data-driven decision-making. This
enables companies to efficiently identify the suitable candidates, develop focused training programs, and
maintain a competitive edge by rapidly adapting to changes in the market and technology.

Introduction

(Boyatzis, 1982; Corallo et al., 2010). Furthermore, assigning the em-
ployees in the right roles presents significant professional development

Given the rapidly evolving business environment, marked by fast-
paced technological innovation and transformative changes, com-
panies must enhance the competence of their workforce to ensure a
competitive advantage (Brunello & Wruuck, 2021). ‘Competence’ refers
to a comprehensive set of attributes that includes knowledge, skill,
motivation, and behaviour (Di Luozzo et al., 2021; Gugnani et al., 2018).
These attributes must co-exist to improve the performance of employees
in specific professional roles (defined as a recognizable pattern of
behaviour and attitude corresponding to an identity (Turner, 2001),
which enables the effective execution of tasks and responsibilities
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opportunities, while helping companies reduce their turnover (Mathis
et al., 2017) and align with the professional standards required by the
labour market (Brunello & Wruuck, 2021).

Competence-based human resource management (HRM), also
known as ‘talent management’ (Goonawardene et al., 2010; Kurek et al.,
2024), focuses on identifying, developing, and leveraging the compe-
tence of employees to enhance the organizational performance, partic-
ularly high-tech sectors that require continuous competence
development to ensure a competitive advantage. This approach enables
companies to better achieve their business goals (Wallo et al., 2020),
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enhance market competitiveness (Mathis et al., 2017), foster innovation
(Ubeda et al., 2017), and implement targeted training programs (Corallo
et al., 2010).

In the aerospace sector, integrating human factors with advanced
technologies, such as Al-assisted systems, is essential for meeting the
industry demands and driving continuous innovation (Morandini et al.,
2024; Reagan, 2021). Aerospace is a particularly challenging sector, and
is characterised by high costs and risks, a vast and multifaceted supply
chain, and a multidisciplinary knowledge base that requires firms to
function as system integrators, thereby integrating design and produc-
tion (Acha et al., 2007). The production of aerospace systems, including
aircraft, engines, guided missiles, and space vehicles, involves highly
dynamic interactions between physical components and information
exchange. It requires efficient coordination across multiple organiza-
tional levels (Brunton et al., 2021). Consequently, aerospace organiza-
tions focus extensively on the continuous assessment of design and
manufacturing competencies, and strategic allocation of human re-
sources to optimise the engineering processes (Morandini et al., 2024).
Managing the technical competencies in aerospace engineering is
particularly challenging due to the highly advanced technologies,
innovative materials, and knowledge-intensive processes involved. The
interactions between individual system elements influences others,
creating an intricate network of dependencies that must be compre-
hensively coordinated (Cilliers & Spurrett, 1999). Aerospace products
comprise multiple interdependent components; therefore, the produc-
tion processes are distributed among several companies at different
supply chain levels to effectively manage the costs, risks, and techno-
logical challenges (Esposito & Raffa, 2007). Consequently, aligning
competencies with evolving industry demands is essential for main-
taining a competitive edge and operational resilience.

Structured taxonomies are defined as a hierarchical tree-structure in
which concepts are organised based on the semantic meaning
(Caratozzolo et al., 2023). Organizations can leverage structured tax-
onomies to systematically manage competence-related information (e.
g., hard and soft skills), thereby ensuring that they align with evolving
competence demands and facilitate accurate role assignments (Kimble
et al., 2016). This structured approach is crucial in industries where
technological advancements and regulatory requirements necessitate
continuous workforce adaptation (Konrad et al., 2022; Morandini et al.,
2024). The aerospace sector presents a unique case for analysing the role
of competencies owing to its high level of complexity and dependence
on cutting-edge technology. Limited research has been conducted on the
systematic management of competencies despite its importance.
Bridging this gap through structured competence management frame-
works enhances the operational efficiency, promotes innovation, and
ensures that organizations remain at the forefront of disruptive
advancements.

Advanced artificial intelligence (AI)-based models, such as large
language models (LLMs), drastically transform competence-based HRM,
by enhancing various aspects including recruitment, training, and
resource allocation. They serve as powerful tools for accurate analyses of
competence and personnel information, while improving knowledge
sharing and transfer (Kurek et al., 2024; Malik et al., 2023). The adop-
tion of LLMs in HRM, leveraging their considerable natural language
processing (NLP) capabilities, supports a wide range of applications,
from streamlining the process of selecting the ideal job position based on
competence (Martinez & Fernandez, 2019), predicting emerging job
competence (Sheriff & Sevukan, 2023), to developing targeted training
plans (Santana & Diaz-Fernandez, 2023). This helps in establishing a
more genuine and engaging work environment (Shivanjali et al., 2019).

Despite the significant technological advances in the field of
competence-based HRM, limited research has been conducted on the
development of automated competence-role association solutions and
guidelines in the taxonomy semantic enrichment process, which is
essential for maintaining relevance in rapidly evolving industries. In
particular, studies conducted on text generation using LLMs (e.g.,
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August et al., 2022; Nguyen et al., 2021; Velasquez-Henao et al., 2023)
introduced various approaches to effectively employ prompt engineer-
ing methods. However, none of these works focused on the semantic
enrichment of taxonomy, which is defined as the process of integrating
new and contextually concepts, ensuring that their placement is neither
overly general nor excessively specific to maintain the structural rele-
vance of taxonomy (Arslan & Cruz, 2022).

Consequently, practical methodologies have not been developed on
using pre-trained embedding to map competencies to roles by exploiting
the existing competence and role taxonomies in organisations. For
instance, Amin et al., 2022 employed pre-trained embedding models by
exploiting an organization skill taxonomy to optimise the research
request assignment process. Various other studies (e.g., Gugnani &
Misra, 2020; Kurek et al., 2024; Skondras et al., 2023) employed these
models to improve the recommendation systems using data obtained
from job postings on social media. However, research has not been
conducted on identifying the ideal competence set for a job role by
exploiting the latest advances in Al and actual company data based on a
ground truth.

In this study, we proposed the automated semantic taxonomy
enrichment methodology (ASTEM) that leverage LLMs to automate the
enrichment of corporate competence taxonomies addressing the existing
gap in literature. Furthermore, we established the role-competence
embedding-based (RCE) framework to automate the association of
roles with a set of relevant competencies by integrating two discon-
nected business taxonomies.

We conducted a qualitative intrinsic case study involving a company
in the aerospace, defence, and security sector to test the ASTEM and RCE
framework using real business taxonomies (i.e., competence and role
taxonomies). This sector is characterised by complex regulatory envi-
ronments, advanced technological demands, and multi-layered organi-
zational structures, making it crucial to analyse innovative competence
management solutions within their real-world setting (Corallo et al.,
2012; Morandini et al., 2024). The data collection process involves
semi-structured interviews with company experts and the iterative
analysis of enriched competence taxonomy descriptions and
role-competence associations.

Therefore, in this study, we aim to demonstrate the key concepts of
LLMs, making complex Al concepts accessible to HRM professionals.
Furthermore, we emphasised the significance of prompt engineering for
the optimisation of LLM performance and proposed the ASTEM and RCE
framework as innovative solutions to automate competence-based HRM
processes. In particular, the proposed solutions aim to automate the
semantic enrichment process of taxonomies and the association of roles
with competence in the organisation. This automation reduces the time
and resources required for manual updates, enhances the precision of
role-competence matches, and supports data-driven decision-making.
Thus, companies can more effectively identify the suitable candidates,
develop targeted training programs, and maintain a competitive edge by
rapidly adapting to the market and technological changes.

The paper is structured as follows. Section 2 *State-of-the-Art’ pre-
sents a detailed description of the state-of-the-art in Al focusing on LLMs
and their architecture, their impact on the competence landscape, and
the previous studies conducted on the use of LLMs in HRM. Section 3
“Research methodology’ outlines the research methodology of the study.
Section 4 “Proposed frameworks’ presents a detailed description of the
ASTEM and RCE framework. Section 5 “Case study results’ presents the
case study, describes the implementation of the proposed solutions in
the aerospace company, and the highlights challenges faced by the
proposed methods. Section 6 “Discussion’ highlights the research and
practical contributions of this study, along with the main limitations and
future trends. Lastly, Section 7 “Conclusions’ presents the conclusion of
the study.
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State-of-the-Art
AI and competence-based HRM in industry

Technological advancements, combined with process digitisation
and automation, are drastically transforming the competence landscape
in the labour market, driving the development of new competencies
while rendering others obsolete (Frierson et al., 2023). This phenome-
non is particularly evident in high-tech industries, where rapidly
changing technologies require the constant acquisition of new compe-
tencies to ensure a competitive advantage (Kurek et al., 2024). The
increasing complexity and dynamism in global markets requires com-
panies to be highly flexible to constantly adapt to the changing condi-
tions, thereby requiring new and updated job profiles and related
competencies (Frierson et al., 2023).

Based on the dynamic capabilities theory (Teece et al., 1997), or-
ganizations must develop and refine their ability to sense, seize, and
reconfigure resources, including human capital, to respond effectively to
technological shifts and market uncertainties. Competence-based HRM
becomes a crucial mechanism in this process, as companies that effec-
tively identify, develop, and allocate talent can better navigate industry
disruptions and maintain a competitive advantage. Employee produc-
tivity primarily depends on the strategic alignment of competencies with
business objectives and technological advancements, thereby reinforc-
ing the requirement for systematic competence management (Bafna
et al., 2019; Corallo et al., 2010). The competence-based approach fa-
cilitates precise role assignments, while optimising task execution,
reducing HR-related costs, and increasing worker motivation and
satisfaction (Gupta & Kumar, 2024). Furthermore, by reducing the
turnover associated with job dissatisfaction and fostering a meritocratic
work environment, firms can enhance their ability to reconfigure
workforce capabilities corresponding to external changes, which aligns
with the core tenets of dynamic capabilities.

Additionally, the knowledge-based view (KBV) of the firm (Grant,
1996) indicates that knowledge is the most strategically significant
resource in an organization. Within this framework, competence iden-
tification and mapping become essential for firms that aim to effectively
integrate, share, and apply knowledge. The ability to harness employee
expertise and align it with evolving business requirements is essential
for maintaining a competitive advantage (Shivanjali et al., 2019).
However, limited research has been conducted on competence-based
management, as workforce knowledge has not been recognised as a
key determinant of organizational success in the increasingly competi-
tive environments (Cao & Zhang, 2022).

The conventional HRM methods used to analyse text data (e.g., from
interviews and questionnaires), such as topic models (e.g., latent
Dirichlet allocation) or linear regression techniques, do not consider the
underlying context of words in sentences (Arslan & Cruz, 2022; Lin
et al.,, 2023). Furthermore, job role and competence descriptions
established within the company are typically subjective, and can present
ambiguities (Jorzik et al., 2024).

LLMs comprise an advanced category of solutions in the Al field,
characterised by the usage of neural networks trained using billions of
parameters on large datasets (Lin et al., 2023). These data include text
from books, articles, and websites, and enable models to learn the
grammar, context, and nuances of language (Liu et al., 2023).

In 2017, Vaswani et al., 2017 introduced the transformer architec-
ture, a novel approach to NLP tasks based on the self-attention mecha-
nism and encoder-decoder architecture framework. The self-attention
mechanism enables the model to focus on different parts of the input text
sequence while processing each element, thereby capturing de-
pendencies between words based on their position in the sequence. A
notable example of the progress of LLMs is the Generative Pre-Trained
Transformer (GPT) model, which has demonstrated advanced capabil-
ities in NLP and coherent text generation (OpenAl et al., 2023).

In these LLMs architectures, the encoder helps in determining and
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extracting relevant information from the input text by producing a
continuous representation (text embedding) (Igbal & Qureshi, 2022),
which contributes to applications in sentiment analysis, topic classifi-
cation, spam detection and text generation (Kurek et al., 2024). When
the architecture includes the decoder, the vector representation created
by the encoder is used to generate a sequence of words, where each word
depends on the previous ones due to the self-attention mechanism
(Vaswani et al., 2017). However, not all LLMs adopt the
encoder-decoder structure. For example, GPT uses only the decoder
architecture, feeding the input data directly into the decoder and still
achieving excellent results due to the self-attention mechanism (Kurek
et al., 2024).

Adopting LLMs in HRM automation is a strategic application of Al
that concurs with both the dynamic capabilities theory and KBV by
enhancing the ability of an organization to dynamically analyse, allo-
cate, and develop workforce competencies (Malik et al., 2023). Business
applications include matching the job role requirements with the orga-
nizational requirements (Jorzik et al., 2024), thereby optimising
competence-based job assignments (Martinez & Fernandez, 2019),
predicting emerging competencies (Sheriff & Sevukan, 2023), and
developing training programs corresponding to workforce evolution
(Santana & Diaz-Fernandez, 2023).

Prior to recent advances in NLP, Chen and Chien (2011) developed a
data-mining framework for talent identification and job assignment in
the manufacturing sector. Similarly, Dickson and Nusair (2010) ana-
lysed the use of Al in HRM in the hospitality industry, demonstrating the
ability of these technologies in streamlining the recruitment process and
improving employee retention. Recently, Mahmoud et al. (2019) eval-
uated the implementation of LLM-based chatbots for social media
screening into the HRM systems, thereby reducing the time spent in
hiring processes and providing valuable information on the candidates.
Conversely, Mathew et al. (2018) analysed the capabilities of LLMs in
predicting the suitability of a candidate for replacing a qualified worker
vacancy. Lastly, Gupta and Kumar (2024) developed a framework to
leverage LLM-based Al solutions to overcome the bias in recruitment,
analyse employee data for competence development programs, and
monitor employee well-being through chatbots and wearable devices.

Pre-trained embedding models to associate job roles and competence

Although LLMs with only-decoder architecture, such as GPT, can
produce text representations, they are not ideal for tasks such as text
retrieval and matching (Wang et al., 2022). Conversely, pre-trained
models comprising only encoder architecture produce embeddings,
which are vector representations that can capture semantic nuances in
sentences; they contribute significantly to various NLP tasks, such as the
retrieval of large-scale information (Wang et al, 2022). These
pre-trained embedding models, trained using large amounts of data and
capable of performing various types of tasks, such as classification,
clustering, and semantic similarity, also present excellent performance
in specific tasks, such as candidate and job position matching (Kurek
et al., 2024).

Several organizations already have taxonomies of competence that
can be enhanced using embedding models, thereby facilitating efficient
retrieval and matching with other information, such as job profile de-
scriptions (Kurek et al., 2024) and tasks (Amin et al., 2022). For
instance, Kurek et al. (2024) transformed job descriptions and candidate
profiles into multidimensional embedding vectors, and calculated the
scalar product between the vectors to determine the degree of similarity.
A higher scalar product indicates greater similarity, indicating a stron-
ger match between the job requirements and candidate qualifications.
Similarly, Amin et al. (2022) employed the embedding model to match
the research requests and skills based on a real business taxonomy.

Furthermore, Arslan and Cruz (2022) and Nikishina et al. (2022)
employed embedding to enrich and populate business taxonomies using
the data obtained from external sources (such as articles and lexical
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taxonomies) yielding promising results. Several previous studies focused
on embedding models to improve systems for recommending ideal
candidates for specific job positions. For example, Lin et al. (2020)
developed a human resource planning method that suggests suitable
candidates for a given position. Similarly, Bafna et al. (2019) established
a system to map the competence of a candidate to the corresponding job
requirements and suggest specific training in case of a gap, demon-
strating the effectiveness of LLMs for analysing the curricula of candi-
dates by capturing the meaning of sentences, even with different
terminologies. Furthermore, Clavié and Soulié (2023) proposed a system
to extract the competence based on the job vacancies and rank the most
suitable candidates. Conversely, Qin et al. (2020) developed a frame-
work called topic-based ability-aware person-job fit neural network
(TAPJENN) for targeted talent search and job recommendation, whereas
Martinez and Fernandez (2019) established an intelligent system that
identifies emerging talent and optimises the hiring process by excluding
biases and distortions such as physical appearance, tattoos, gender, or
race. Lastly, Dehbozorgi and Parizi (2023) proposed a training course
recommendation system that identifies student learning gaps at the
course level and recommends suitable courses to prepare them for the
desired job positions.

Table 1 presents an overview of the contribution of embedding-based
Al approaches to HRM. It highlights their role in enhancing taxonomies,
improving candidate-job matching, and optimising the recruitment
processes. Although these approaches present increased precision and
efficiency, they also present challenges corresponding to the data
quality, contextual understanding, and potential biases in training
datasets.

LLMs for semantic enrichment process and the role of prompt engineering

LLMs are widely implemented in generative Al owing to their ability
to capture complex word relationships and generate texts that reflect the
semantic structure of concepts (Nguyen et al., 2021). This capability is
crucial for semantic enrichment, and involves improving the under-
standing and representation of the meaning of texts by adding semantic
information (Arslan & Cruz, 2022). Typically, manual semantic
enrichment presents significant challenges in terms of the time and
effort, with risks of bias or inaccuracy (Arslan & Cruz, 2022), coverage
problems for specific information, and the need for frequent updates

Table 1
Contributions, strengths, and limitations of embedding-based Al approaches in
HRM.

Contribution Strength Limitation References

Enhancing Organizations can Requires large, (Amin et al.,
Taxonomies with facilitate more well-labelled 2022; Wang
Embeddings precise candidate- datasets and et al., 2022)

Embedding-Based
Candidate
Matching and Job
Recommendation

Bias-Free Talent
Identification and
Recruitment
Optimization

task matching

Embedding models
transform job
descriptions and
candidate profiles
into vectors,
enabling similarity
calculations to
assess candidate-job
fit

Al systems reduce
hiring bias by
focusing on skills
and qualifications
rather than
demographic
attributes, ensuring
fairer hiring
practices

depends on the
relevance of the
data sources used
The scalar
product similarity
approach may not
fully capture the
contextual
meaning and
human implicit
knowledge

Biases in training
data can still
affect Al-driven
recruitment

(Kurek et al.,
2024)

(Qin et al.,
2020; Ubeda
et al., 2017)
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(August et al., 2022).

The advanced knowledge gained during the training of LLMs enables
the generation of accurate and contextually relevant definitions for
various terms and concepts (Eriksson & Jonsson, 2023). Large vector
representations help in capturing complex relationships between words,
contributing to definitions that reflect the semantic structure of concepts
(Vartinen et al., 2022). Additionally, the autoregressive approach in text
generation enables LLMs to construct long and complex definitions,
thereby ensuring consistency and cohesion in the generated text
(Eriksson & Jonsson, 2023; Lesage et al., 2024).

Recent studies demonstrated the effective reasoning ability of LLMs,
particularly GPT-4, in answering medical rheumatology (Madrid-Garcia
et al., 2023) and engineering (Pursnani et al., 2023) questions without
requiring specific training. However, limited research has been con-
ducted on leveraging LLMs to simplify the semantic enrichment process.
For instance, in fields such as online commerce, these models are used to
generate product descriptions on websites (Nguyen et al., 2021) or to
automatically identify sustainable product features in e-commerce
(Roumeliotis et al., 2023). In particular, no relevant studies have been
conducted in the field of competence-based HRM. Magron et al. (2024)
proposed a framework to generate synthetic job postings to enhance
matching with European skills, competencies, qualifications and occu-
pations taxonomy (ESCO, 2017). Additionally, Skondras et al. (2023)
employed a GPT model to generate synthetic curricula to train models to
classify them into various occupational categories.

The paucity of studies conducted on the application of these models
for text generation in business settings typically corresponds to the
possibility of LLMs generating unwanted and inconsistent responses
(Chen et al., 2023; Dahlkemper et al., 2023). However, Polverini and
Gregorcic (2024) reported that the ineffectiveness of LLMs in perform-
ing tasks can be attributed to inadequate question formulation. Exten-
sive research has been conducted on prompt engineering and its impact
on the performance of LLM solutions (Chen et al., 2023; White et al.,
2023), and OpenAl presents a dedicated web space to prompt engi-
neering guidelines (OpenAl, 2023). Prompt engineering is defined as a
methodological strategy for optimising the performance of LLMs
through the careful design of textual prompts (Brin et al., 2023; Pol-
verini & Gregorcic, 2024).

Extensive research has been conducted on the definition and devel-
opment of this concept, demonstrating the significance of prompt design
in improving the performance of LLMs (e.g., Liévin et al., 2023; Pol-
verini & Gregorcic, 2024; Ranade et al., 2024; Velasquez-Henao et al.,
2023). For instance, the chain-of-thought approach significantly im-
proves the model capabilities via step-by-step resolution of queries and
reducing the probability of generating hallucinations (i.e. fabricated or
factually incorrect outputs) and illogical responses (Wei et al., 2023).
Moreover, the Socratic methodology, which employs inductive, deduc-
tive, and abductive approaches to effectively improve the output quality
and consistency (Chang, 2023). Furthermore, Velasquez-Henao et al.
(2023) developed the goal prompt evaluation iteration (GPEI) frame-
work, a four-step iterative methodology that can guide users to design
prompts based on output evaluation. It has also been demonstrated that
providing the LLM with contextual information enables it to generate
more specific and relevant responses (Nguyen et al., 2021). Another key
element during prompt design is the selection of pattern (i.e., output
automater, persona, visualization generator, recipe, or template) that
helps in optimising the quality and relevance of the generated responses
(White et al., 2023). Lastly, when designing the prompt parameters,
such as temperature (i.e., a parameter that controls the randomness of
word selection in text generation) and top-p (i.e., a parameter that sets a
probability threshold limiting word selection), that influence the prob-
ability distribution of words during text generation must be considered
(Lesage et al., 2024). A lower temperature produces more concentrated
and deterministic responses, whereas a higher temperature encourages
more diverse and creative responses. The top-p parameter, which limits
the word selection to the most likely words, enables the adjustment of
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the consistency of the responses (Lesage et al., 2024; Tam et al., 2022).
The combined usage of these parameters helps in optimising the model
to generate sequences of sentences of arbitrary length, thereby avoiding
unwanted loops and maintaining consistency with the prompt (Eriksson
& Jonsson, 2023; Lesage et al., 2024).

Table 2 the main strengths and limitations of LLM-based methods in
enhancing semantic structures through text generation and prompt
engineering.

Research methodology

In this study, we analysed the latest advances in Al, particularly in
the application of generalist LLMs without specific training, for
competence-based HRM solutions. We aim to leverage the potential of
LLMs for implementing semantic enrichment of competence de-
scriptions and the association between role information and related
competence from business taxonomies.

To this end, we defined and designed ASTEM (Barba et al., 2025) to
guide practitioners of LLMs to effectively generate consistent outputs by
integrating various Socratic prompt engineering methodologies (Chang,

Table 2

Contributions, strengths, and limitations of LLM-based text generation methods.
Contribution Strength Limitation References
Generative Al LLMs improve LLM-generated (Eriksson &

and Semantic semantic definitions may Jonsson, 2023;
Enrichment enrichment by sometimes lack Nguyen et al.,

capturing complex  specificity or 2021)

word contextual

relationships and accuracy

generating

definitions that

reflect the

semantic structure

of concepts

Autoregressive LLMs construct May still generate (Lesage et al.,

Text long and complex hallucinations or 2024; White
Generation definitions, inconsistencies, et al., 2023)

ensuring requiring human

consistency oversight

through

autoregressive

generation

Domain-Specific

LLMs automate

Limited research on

(Madrid-Garcia

Applications text generation for ~ LLMs for HRM. et al.,, 2023;
product Outputs in business ~ Pursnani et al.,
descriptions, settings may be 2023; Skondras
competency inconsistent or et al., 2023)
frameworks, and irrelevant without
job postings, domain-specific
enhancing fine-tuning
efficiency in
various business
applications

Prompt Well-crafted Poorly designed (B. Chen et al.,

Engineering prompts prompts can lead to ~ 2023; Wei et al.,

for LLM significantly misleading, 2023; White

Optimization improve LLM verbose, or et al., 2023)
performance, inconsistent
reducing outputs. Requires
hallucinations and  expertise to craft
enhancing output effective prompts
relevance

Parameter Adjusting Incorrect (Lesage et al.,

Tuning for temperature and parameter settings 2024; Tam et al.,

Controlled top-p enables may lead to 2022)

Text control over inconsistencies and

Generation creativity vs. multiple attempts

determinism in
text generation,
improving
coherence and
relevance

are needed before
finding the optimal
combination
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2023), the GPEI framework (Velasquez-Henao et al., 2023), and OpenAl
guidelines (OpenAl, 2023), along with contextual information (Nguyen
etal., 2021) and prompt pattern model (White et al., 2023). Conversely,
the RCE framework aims to create semantic connections between
different pieces of information, specifically roles and competence, using
pre-trained embedding models known for their effectiveness in semantic
similarity tasks (Amin et al., 2022; Kurek et al., 2024).

We selected a qualitative investigation approach suitable for
addressing the requirements of a specific context to analyse the ASTEM
and RCE applications (Stake, 1995; Yin, 2017). A case study is partic-
ularly appropriate for analysing contemporary events and
non-controllable units of analysis (Yin, 2017). We aim to demonstrate a
real practice of particular relevance owing to the characteristics of the
industry and the current research trends on HRM and LLM. Therefore,
the case study is guided by the pragmatism knowledge claim that is
problem-centric. Consequently, we focused on the problem and the
methods used to solve it in a real organizational setting (Creswell,
2022). Multiple sources of evidence, such as interviews with managers
and direct observations of researchers, were used to increase the
construct validity of the case study (Yin, 2017). The case study was
conducted from January to June 2024 in collaboration with a large
company operating in the aerospace, defence, and security sector. Fig. 1
presents the research steps used in this study based on the guidelines
provided by Crowe et al. (2011) and Kekeya (2021).

First, we defined the case study to set the research objectives and
case boundaries. We primarily aim to investigate how Al can be used to
enhance the alignment between professional competence and roles, as
well as to semantically enrich existing corporate taxonomies. A quali-
tative case study involves an in-depth contextual analysis of a specific
instance within its real-life setting (Crowe et al., 2011). This design was
well-suited for our study because it helped in analysing the nuanced
challenges and opportunities faced by a major aerospace company in
implementing advanced Al-driven competence management solutions.
The intrinsic nature of the case study helps in obtaining a comprehensive
understanding of the subject matter (Baxter & Jack, 2015).

The second step comprises the selection of the case study (Crowe
et al., 2011). The aerospace sector is characterised by rapid technolog-
ical advancements and evolving competency demands. Therefore, it
strongly depends on qualitative insights to evaluate the adaptability of
innovative Al-based models in dynamic contexts (Morandini et al.,
2024). These insights are essential for enhancing competence manage-
ment and optimising the information management processes. This
complexity presents an excellent testing ground for ASTEM and RCE, as
advanced Al-based models can effectively capture domain-specific
knowledge (Excoffier et al., 2024; Xianming & Jing, 2023).

Therefore, we selected a large company operating in the aerospace,
defence, and security sector that employs over 11,000 engineers
worldwide owing to its relevant contribution in terms of the interest,
data availability, expertise and its proximity to the researcher’s network
(Creswell, 2022). By focusing on real-world documents and engaging
with domain experts through interviews, the case study helped in
capturing the interplay between information management through
taxonomies and Al-based solutions to promote competence manage-
ment. This approach also facilitated the testing and validation of ASTEM
and RCE under authentic conditions. Furthermore, despite the highly
technical nature of the aerospace sector, the findings of this case study
enable their adaptation to broader use cases, such as corporate training,
educational content evaluation, and cross-industry talent development.

The third step involves data collection (Crowe et al., 2011; Kekeya,
2021). A qualitative case study helps in capturing in-depth data using
methods such as interviews, observations, and document analysis,
thereby uncovering subtleties and contextual factors that may not be
obtained through large-scale quantitative surveys (Stake, 1995). In
particular, this step comprised a series of interviews, including three
unstructured interviews to analyse the company’s priorities and chal-
lenges, followed by seven semi-structured interviews to guide
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Fig. 1. Research methodology steps.

discussions towards the refinement of the ASTEM and RCE framework.
These interviews were conducted online using the Webex platform by a
team comprising university researchers and experts in the systems and
governance engineering department from the selected company. Addi-
tionally, the company documents (i.e., competence and role taxonomies,
role-competence matrix) were analysed to capture qualitative informa-
tion regarding the company’s perspective on competence management
requirements.

The fourth step involved data analysis (Crowe et al., 2011; Kekeya,
2021). The insights gained in the previous phase contributed signifi-
cantly to identifying operational strategies to enhance competence
management through the effective use of advanced Al technologies. The
third and fourth phases are repeated iteratively to refine the proposed
solutions and implement them accurately with the real business data
(Crowe et al., 2011; Kekeya, 2021). Subsequently, we developed and
implemented ASTEM and RCE using Google Colab (a cloud-based plat-
form to write and run Python code).

The last phase of the methodology involves reporting the results
obtained from the case study (Crowe et al., 2011). ASTEM and RCE

provided robust evidence from the real data of the company, demon-
strating the effectiveness of Al-driven approaches. The implementation
of the proposed solutions validated the findings, and established the best
practices for future applications in Al-enhanced competence
management.

Proposed frameworks

The ASTEM and RCE frameworks are designed to work in tandem
(Fig. 2), with each serving distinct but complementary functions within
the competence-based HRM. In this case study, ASTEM is used to
generate enriched, contextually accurate descriptions for each compe-
tence within a corporate taxonomy by leveraging the capabilities of the
LLMs. Once produced, these enriched descriptions serve as the input for
the RCE framework, which uses pre-trained embedding models to
automatically associate these enriched competencies with the relevant
job roles. The interaction between these two frameworks ensures a
continuous, automated process for updating and maintaining the accu-
racy of the role-competence associations. We demonstrated the unique
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methodologies and technological foundations of ASTEM and RCE in the
following sections. This separation presents a clearer understanding of
their individual contributions and the specialised processes involved in
each, and demonstrates their combined application in the case study.

ASTEM

The ASTEM framework (Fig. 3) is an iterative methodology designed
to automatically improve the semantic enrichment descriptions process
of a corporate taxonomy using LLMs. The steps involved in ASTEM
include: 1) preliminary taxonomy analysis, 2) prompt design (divided
into system prompt and user prompt design), and 3) output evaluation.
ASTEM is primarily used to reduce the manual effort involved in se-
mantic enrichment and to improve the contextual linkage of the tax-
onomy elements to specific job roles and competence. This represents a
significant improvement over conventional methods that employ topic
modelling of retrieved information from external sources (e.g., websites,
document) to add them into a taxonomy. This methodology can be
applied when the taxonomy under consideration already has starting
descriptions that must be enriched with more contextual information.
They can also be applied when there are no descriptions. In the latter
case, the performance of the model may be worse as it must generate text
based on minimal information, such as the labels of the taxonomy alone.

In the preliminary taxonomy analysis phase, we defined clear ob-
jectives for the enrichment process. This phase involves a detailed
assessment of the existing taxonomies to identify areas that lack detail or
contain errors. Obtaining a comprehensive understanding of the current
state of a taxonomy and determining the specific concepts that require
semantic improvement to prepare the taxonomy is essential for effective
enrichment. During this phase, control questions must be established
(Table 3) based on the CRAAP test for to evaluate the information
(Blakeslee, 2004). However they must also be applicable for the quali-
tative assessment of Al-generated content and prompt design (Newcastle
University, 2024).

The prompt design phase involves designing effective queries that
guide the LLM to generate accurate and relevant content. This includes
selecting the most appropriate methodological approach (e.g., Chang,
2023; Velasquez-Henao et al., 2023; White et al., 2023) based on the
requirements identified in the first phase. Relevant information, such as
the application scenario and end goal, is added to the system prompts to
enrich the context, thereby improving the ability of the model to pro-
duce useful responses (Nguyen et al., 2021). It is essential to define the
required task specify how it must be performed within the system

Journal of Innovation & Knowledge 10 (2025) 100780

Table 3
Control questions from CRAAP test to evaluate GenAl outputs (Blakeslee, 2004;
Newcastle University, 2024).

Criteria Description Control Questions

Currency Assess how recent the e Does currency matter for the
information is and whether it is topic you are investigating?
up-to-date corresponding to the e How up to date is the dataset
context of the examined topic used to train the Al tool?

Relevance  Examine how relevant the e Is the information generated
information is to specific needs relevant to the task you are
or purpose performing?

e Is the response providing the
information at a level that is
appropriate for your task?

e Isit useful because it provides a
good definition and
background knowledge?

Authority Consider the competence of the e Is there evidence or references
author or source, e.g. their to source material that can back
qualifications or affiliations up the generated content?

e Are the sources reputable?

Accuracy Determine the accuracy of the e Are there any factual errors or
information, checking whether it details that appear to be
is supported by evidence, free of unsupported by evidence?
errors and has an objective tone e [s the information reliable?
Purpose Analyse why the information was e Is there any obvious bias in the

created, considering possible
bias, persuasive or commercial
intentions

response?
Does the output read like fact or
more of an opinion?

prompt for the LLM. In the user prompt, we included information on the
hierarchical relationships (e.g., category membership and any de-
scriptions already present) of the taxonomic element to be semantically
enriched. During this phase, we set parameters such as the temperature,
which generates more deterministic and less random word sequences, at
low values (OpenAl, 2023).

The evaluation phase involves refining the prompts based on the
qualitative analysis of a random sample of output based on the control
questions established in the first phase. Additionally, a further check can
be implemented by determining the semantic similarity between the
enriched descriptions obtained using the LLM and each branch of the
source taxonomy based on the method proposed by Excoffier et al.
(2024). This helps in verifying that each enriched description was
associated with the corresponding competence label via its unique code.
Furthermore, if the descriptions are already present in the taxonomy, the
outputs can be further verified by comparing the semantic similarity
between the representative embeddings of the generated texts and the

Does the
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Fig. 3. ASTEM for enriching the corporate taxonomy element descriptions.
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original ones to demonstrate that the generated text does not vary
significantly from the original text (Celikyilmaz et al., 2021).

The prompts are iterative modified based on the feedback received to
continuously improve the quality and accuracy of the generated de-
scriptions, thereby ensuring that the responses are contextually
appropriate.

RCE

Fig. 4 depicts the RCE framework, which was developed to auto-
matically associate each job role with a suitable and consistent set of
competence. We used two reference taxonomies for this purpose: the
taxonomy of professional roles and the taxonomy of competence. The
steps involved in RCE include: 1) data pre-processing, 2) embedding
vectors to process text corresponding to the job roles and competencies,
3) calculating the semantic similarity between these texts, which in-
volves computing the dot product between the role and competence
embedded vectors, and 4) re-ranking the results to identify the most
appropriate competence sets for each role within the corresponding
taxonomies.

The proposed framework involves using datasets in the Excel format
that represent the taxonomies of the professional roles and competence.
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In particular, the role taxonomy comprises an identifier code for each
role and the associated textual strings (i.e. professional family, macro-
role, activity descriptions, and mission), which are all placed in the
appropriate columns. Similarly, the competence taxonomy includes an
identification code for each competence, membership categories, and
descriptions.

Pre-processing must be first performed to effectively apply the
embedding models (Amin et al., 2022). For the role taxonomy, we
concatenated all the textual strings for each role, including the profes-
sional family name, macro-role, role, role description and activities. This
process is crucial as it enables the embedding model to better capture the
overall semantic meaning of each role and competence, thereby
increasing the probability of appropriate association. This process pro-
duces a two-column dataset comprising the unique identification role
code and a concatenated description where each row in this dataset
represents a specific role. The same procedure is applied to the
competence taxonomy.

The embedding model must be carefully selected. There are several
open source models available on https://huggingface.co/spaces/mteb/
leaderboard; however, they face various limitations regarding the
number of tokens that they can process (from 512 to 4096). Therefore,
not all the text may actually be processed, presenting a significant loss of
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Fig. 4. RCE framework for role-competence association from corporate taxonomies.
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semantic information and causing inefficiency in the process.

During the creation of the embedding vectors, the embedding models
create separate vector representations for each role and competence
concatenated description in an n-dimensional space that can range from
64 to 30522 dimensions, based on the selected model. This results in a
set of representative vectors for each individual role and a set of vectors
for each individual competence. This step is crucial for ensuring that
each role and competence are represented accurately and consistently,
thereby facilitating semantic comparison.

Subsequently, we calculated the semantic similarity using dot
product, which is particularly effective in determining the similarity
between the vectors within a multidimensional space (Kurek et al.,
2024), between the role and competence embeddings vectors. In
particular, it helps in determining the embedding of the first role of the
professional role taxonomy with all the embeddings of the competence
taxonomy. This process is repeated for each role within the role
taxonomy.

Following the semantic similarity calculation, we performed the re-
ranking step. For each role embedding, the final dataset was reorgan-
ised by placing the competence in the descending order of the similarity
score. Lastly, we extracted only the top K competence for each role,
based on the highest similarity scores. This process ensures that the
competence associated with each role are the most relevant and
appropriate ones, thereby improving the accuracy and efficiency of
competence-based HRM.

Case study results
Industrial scenario description

The interviews conducted with the key informants of the selected
company highlighted the challenges faced by the company and inform
the development of the targeted solutions to enhance the integration and
usability of role and competence taxonomies. In this section, we present
the key outcomes emphasising the interplay between the insights
derived from collaborative discussions and document analysis. There are
two types of taxonomies: a competence taxonomy and a role taxonomy.

The role taxonomy comprises an initial division corresponding to the
professional engineering families, a second hierarchical level corre-
sponding to the macro-roles with descriptions, and the third level cor-
responding to the division of the roles, totalling 246 branches. Each role
is accompanied by sufficiently comprehensive descriptions, including
both strategic and operational aspects. Enrichment methodologies, such
as ASTEM, are unnecessary for this specific area owing to the richness
and level of detail of the role taxonomy. Although the role taxonomy is
solid and well developed, it operates in isolation from the competence
taxonomy.

The competence taxonomy comprises multiple ambiguous and
overly sparse descriptions (see example in Table 4), making it ineffective
for RCE. Therefore, the definitions for 766 competencies must be
enriched using ASTEM. Previous studies and expert interviews demon-
strated the complexity of obtaining precise and contextualised defini-
tions for these competencies.

The company manually created a matrix associating each role with a
set of up to 20 competencies; however, these taxonomies are subject to
revision every two years, and the organizational requirements may
change over time, making the manual process inefficient. This matrix
supports strategic HRM by clearly defining the requirements across the
organization. The matrix comprises a total of 3,954 records, with the

Table 4

Example of competence description that need semantic enrichment process.
Category Electrification
Competence Chemistry, Mechanical and electric systems

Competence Description Management of mixed systems.
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average number of competencies associated with roles categorised by
the job family, as shown in Table 5. The matrix is constructed manually,
which directly involves division managers and role members through a
self-assessment activity presenting several significant limitations:

e The manual creation of the matrix requires considerable effort from
managers, making the process lengthy and resource-intensive.

e The manual method is not sufficiently scalable, particularly for
complex taxonomies or growing organizations.

e The matrix cannot be easily updated to reflect changes in the
required competencies or role characteristics.

An analysis of the matrix construction process demonstrated the
implementation of the RCE to significantly improve the connections
between the roles and competencies.

Therefore, two core requirements of the company were identified
through interviews and document analysis:

1. Semantic enrichment of competence taxonomy: A recurring theme was
the requirement to enrich the sparse descriptions in a taxonomy to
make it more actionable and to facilitate the integration between
role taxonomy.

2. Automated role-competence matrix: The company highlighted the
significance of automating the process of associating roles with
competencies. This automation conserves save time, while enabling
the company to dynamically update these mappings based on
changes in the organizational requirements and taxonomy revisions.

Automating these processes reduces the manual effort and errors;
furthermore, it enables the company to adapt rapidly to evolving de-
mands in sectors with high level of complexity.

Frameworks Implementation

For the application of ASTEM and RCE in the case study, we
employed advanced technological resources selected to ensure the
effectiveness and scalability of the taxonomy enrichment and integra-
tion processes. In particular, we adopted technological solutions based
on Al models and specific computational resources to satisfy the re-
quirements of the various tests.

Competence taxononty semantic enrichment using ASTEM

For the semantic enrichment of the competence taxonomy with
ASTEM, we employed the GPT-4 model (OpenAl et al., 2023) based on
the benchmark studies conducted by Chen et al. (2024) that highlight its
advanced reasoning capabilities and ability to generate contextualised
descriptions based on instructions, despite the absence of specific
training (Excoffier et al., 2024). The GPT-4 model was particularly
effective in producing coherent and contextualised definitions, thereby
satisfying the specific requirements of the case study and overcoming
the limitations of taxonomies lacking detailed textual content (OpenAl
et al., 2023).

Therefore, we queried GPT-4 model (OpenAlI et al., 2023) through

Table 5
Average (avg.) number of competencies associated with roles categorised by the
job family.

Job Family Avg. Competence per Role
Aeronautics Engineering (AE) 15
Electronics Engineering (EE) 17
Management Engineering (EM) 12
Mechanical Engineering (ME) 16
System Engineering (SE) 17
Software Engineering (SW) 17
Technology Management (TM) 18
Avg. 16
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the OpenAl API to semantically enrich the competence taxonomy de-
scriptions. In this case, GPT-4 generalises its knowledge to generate
descriptions for competence within the taxonomy, despite the absence of
explicit training on those specific elements. We developed a Python
script to consider the competence taxonomy as input, extract the cate-
gory, competence name, and original description from each taxonomy
branch, and then query GPT-4 to semantically enrich the competence
description based on the extracted labels. The documentation provided
by OpenAlI (OpenAl, 2023) helped in constructing a Python script to
automate the API requests and adjust the process parameters, making
the system efficient and robust. The system prompt specifies the task to
be performed by the model and the method used to perform the task,
whereas the user prompt provides only the hierarchical information
corresponding to the competence description to be generated.

After generating the enriched competence descriptions, we randomly
selected 10 outputs selected, which were subjected to an initial quali-
tative assessment by the partner company. This assessment utilised the
control questions presented in Table 6, which were derived from the
CRAAP test (Blakeslee, 2004; Newcastle University, 2024). However,
the Currency (timeliness of data) and Authority (credibility of sources)
criteria were omitted as they do not directly correspond to the evalua-
tion of the quality of the content generated by GPT-4. This is because the
validity of these aspects inherently corresponds to the training data of
the model, which was considered sufficient to reference the documen-
tation presented by OpenAl (OpenAl et al., 2023).

The remaining criteria, i.e., Relevance, Accuracy, and Purpose, were
qualitatively assessed through a detailed review of each output from the
randomly selected sample. This review was conducted during structured
interviews, with key informants from the partner company involved in
the case study.

Based on the feedback collected, the model prompt was iteratively
refined until it reached its final version, as shown in Table 7.

A further analysis was conducted to determine whether the gener-
ated outputs (i.e., the descriptions of competencies) were consistent
with the input data (i.e., the initial labels of the competence taxonomy).

The original study conducted by Excoffier et al. (2024) was applied
in a hospital setting, where LLMs were used to generate textual datasets
from ICD-10-CM code descriptions, a widely used taxonomy in U.S.
hospitals; however, the core methodology remains valid in our context.
The approach involves using generalist embedding models to verify
whether the generated texts align with their corresponding classification
codes.

In particular, the method relies on calculating the dot product sim-
ilarity score using the E5-large-V2 embedding model, which was widely
implemented for tasks requiring single-vector textual representations
(Wang et al., 2022). In our case study, each ASTEM-generated compe-
tence description was compared against all the entries in the original
competence taxonomy, and the competence identification code was
assigned based on the highest similarity score. This comparison was
performed to obtain the correct competence identification code for each
generated description, thereby ensuring consistency between the input
data and LLM-generated outputs. The same approach was applied to the

Table 6
Control questions extracted from the CRAAP test used to evaluate ASTEM
output.

Criteria Control Question
Relevance  Is the generated description at an appropriate level for the semantic
enrichment based on the taxonomy labels task?
Is the generated description useful because it provides a good
definition?
Accuracy Is the generated description reliable, truthful, or correct?
Are there spelling or grammar mistakes in the generated description?
Purpose Does the generated description sound objective and unbiased?

Are there political, ideological, cultural, religious, institutional or
personal biases in the generated description?

10
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Table 7
System Prompt and User Prompt used in the ASTEM case study.

System
Prompt

Your task is to enrich a competence taxonomy by generating new
competence descriptions. I will give you in input the catalogue
structure: Competence_Category; Competence_name;
Current_Competence_Description.

Based on input information, write an impersonal short competence
description (maximum 200 words).

The description must NOT repeat Competence Name.

If it possible, references to relevant engineering roles and
technologies.

Competence_Category: {category}

Competence_Name: {competence}
Current_Competence_Description: {description}

User Prompt

original competence descriptions to determine the capability of
embedding models to obtain the appropriate identification code,
thereby enabling a comparison of the retrievability of ASTEM-generated
descriptions versus the original ones.

The results of the semantic similarity analysis for validating the
output presented in Table 8 indicated that, out of the 766 enriched
competence descriptions, 73.4 % were associated with the correct
identification code (Exact_Match), demonstrating the effectiveness of
the ASTEM and GPT-4 in generating new coherent competence de-
scriptions based on their labels. Additionally, 16.4 % of the enriched
generated descriptions were associated with the wrong identification
code, but fell within the correct competence category (Exact_Category).
This indicates that there is some ambiguity in certain competencies
within the taxonomy. In the remaining 10.2 % of cases, the association
did not match despite the high values of the semantic similarity range
(77 to 83).

We conducted a qualitative content analysis of two random compe-
tencies (i.e., radio communication and AFCS development for system
engineering) to analyse the failure of No_match. The analysis indicated
that the No_match enriched descriptions are primarily attributed to se-
mantic ambiguity, loss of contextual specificity, and the limitations of
the employed embedding model in differentiating the technical nuances.
For instance, the enriched description for Radio Communication compe-
tence was incorrectly linked to Network Design, Planning & Engineering
because they both share keywords such as ‘radio’ and ‘TETRA’ (see the
complete descriptions in Table 9). Similarly, an enriched description
corresponding to AFCS development for System Engineering was incor-
rectly associated with AFCS development for Aeronautic Engineering due to
overlapping technical terms such as ‘AFCS’, despite the fact that the
enriched descriptions comprised different aspects (see the complete
descriptions in Table 10). However, this misalignment does not indicate
that the enriched descriptions are off-topic or irrelevant. Instead, it
highlights a limitation in the semantic analysis capabilities of the
embedding model, which prioritises lexical and phrase similarity over
precise conceptual alignment. This indicates that while the model can
effectively identify typical thematic similarities, struggles with finer
distinctions that require deeper contextual understanding.

Furthermore, we calculated the semantic similarity scores between
the embeddings of each generated description and its original counter-
part to assess whether the prompt constructed with ASTEM produced
coherent outputs. The scores distribution presented in Fig. 5 tend to be
high, indicating that the semantic enrichment process generated new
descriptions very similar to the originals. This is likely because GPT-4,
operating on a probabilistic basis, contained more information to
draw upon, enabling it to produce coherent and consistent outputs.
Conversely, the lowest similarity scores are associated with compe-
tencies that comprised very sparse original descriptions as demonstrated
by the example depicted in Table 11. Consequently, GPT-4 generated
outputs that varied more significantly from the originals although not
necessarily producing incorrect content.
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Table 8

Results of the output validation phase in the ASTEM case study.
Competence Taxonomy Total Records Exact_match Exact_Category No_match Precision
Original 766 401 199 166 52.3 %
Enriched 766 562 126 78 73.4 %

Table 9 Table 10

Comparison between radio communication and web communication and mar-
keting competence descriptions.

Comparison between AFCS development for system engineering and AFCS
development for aeronautic engineering competence descriptions.

Category Electronics

Category System Engineering

Radio Communication
Knowledge of radio propagation theory, ability to use
radio propagation tools, planning radio coverage
system. Ability to verify and tuning radio
communication system. Knowlege of 4 G and 5 G
standards. Knowledge of DMR, TETRA and ATC
standards (Radio aspects). Knowledge of Radio
Frequency (RF) Communication-Electronics, including
Radiotelegraphy (RTGY) and Radiotelephony (RTPY).
Enriched Competence Description
This competence involves a deep understanding of the principles and practical
applications of electromagnetic wave transmission and reception. It encompasses
the design, implementation, and optimization of systems that employ radio waves to
exchange information over various distances without requiring physical
connections. Proficiency in this area includes the ability to analyse and predict the
behaviour of radio waves as they travel through different environments, which is
crucial for ensuring reliable communication in various settings, from urban to rural
and even in challenging terrains. Professionals with this competence can effectively
utilise sophisticated software tools to model radio wave propagation and to create
effective coverage maps that are essential for the planning and deployment of
wireless networks. They can also effectively calibrate and adjust radio systems to
satisfy the specific performance criteria, thereby ensuring compliance with
international standards such as those governing 4 G and 5 G cellular networks, along
with industry-specific protocols like digital mobile radio (DMR), terrestrial trunked
radio (TETRA), and air traffic control (ATC) communication systems. In practice,
individuals with this competence are essential for the fields of telecommunications,
aerospace, defence, and public safety, where they contribute to the development
and maintenance of critical communication infrastructures. Their expertise supports
the seamless operation of everything from mobile phone networks to emergency
responder radio systems and air traffic management communications.

Competence Name
Original Competence
Description

Category System Engineering

Competence Name
Original Competence
Description

Network Design, Planning & Engineering

Knowledge of communication network, knowledge of

network protocol, ability to design network

architecture. Knowledge of 4 G and 5 G standards.

Knowledge of DMR, TETRA, and ATC standards

(Network aspects).

Enriched Competence Description

This competence requires the comprehensive understanding and application of
principles to develop and implement efficient communication networks. It requires
proficiency in various network protocols and the ability to create robust network
architectures tailored to the specific organizational requirements. Individuals with
this competence are expected to stay abreast of evolving technologies, including the
intricacies of 4 G and 5 G standards, which are crucial for ensuring high-speed and
reliable connectivity in modern telecommunications.
Additionally, expertise in specialised communication standards such as DMR,
TETRA, and ATC network requirements is essential. This knowledge is particularly
relevant for ensuring interoperability and security in critical communication
systems used by emergency services, public safety officials, and aviation authorities.
Professionals in this field must be adept at planning, analysing, and optimising
networks to satisfy the requirements of increased data traffic and the integration of
new services. They must also be capable of conducting rigorous testing and
validation to ensure that network performance meets both technical specifications
and user expectations. The role often involves collaboration with cross-functional
teams to align network design with business objectives, requiring strong
communication and project management skills.

Role-competence association using RCE framework

The second step of the case study involves automating the linkage
between roles and competence, thereby comparing the performance of
two different embedding models: E5-large-V2 (Wang et al., 2022) and
mxbai-embed-large-vl (Xianming & Jing, 2023). The models were
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Competence Name
Original Competence
Description

AFCS development for System Engineering

Knowledge and application of methods and techniques

for the Fly-By-Wire System design. Ability to design

Automatic Flight Control Systems.

Enriched Competence Description

This competence requires a comprehensive understanding of the principles and
practices associated with the design and implementation of automatic flight control
systems (AFCS) within the realm of aerospace engineering. It requires proficiency in
the application of advanced control theory, system dynamics, and real-time systems
to develop reliable and efficient fly-by-wire systems that replace manual controls
with an electronic interface.
Professionals with this competence are adept at using specialised software and
hardware tools to simulate and test AFCS designs before they are implemented in
actual aircraft. They must also be knowledgeable of the stringent regulatory
standards and certification processes that govern the safety and functionality of
flight control systems.
The role requires a collaborative approach, typically working closely with cross-
functional engineering teams, including avionics, software, and hardware
engineers, to ensure the seamless integration of the AFCS with other aircraft
systems. A strong foundation in systems engineering principles is essential to
oversee the project lifecycle from concept through to deployment and maintenance,
ensuring that the AFCS meets all performance, safety, and reliability requirements.

Category Aeronautics

Competence Name
Original Competence
Description

AFCS development for Aeronautic Engineering

Knowledge and application of methods and techniques

for the control laws and autopilot design. Development

of design and write control laws functional

requirements.

Enriched Competence Description

This competence requires a comprehensive understanding of the principles and
methodologies used in the creation and implementation of AFCS. It requires the
ability to conceptualise and define the functional requirements for control laws that
govern the behaviour of the autopilot systems of an aircraft. Professionals with this
competence can effectively design robust control strategies that ensure aircraft
stability and performance, while also satisfying safety and regulatory standards. The
role demands proficiency in systems engineering, along with a strong foundation in
aerodynamics, control theory, and digital signal processing. Individuals must be
capable of working with multidisciplinary teams, typically collaborating with
software engineers, avionics specialists, and test pilots to translate theoretical
control laws into practical, real-world applications. Familiarity with simulation
tools and programming languages such as MATLAB, Simulink, or C++ is essential
for modelling and validating the performance of the AFCS designs before they are
implemented in hardware.
As the field of aeronautics continues to evolve with new technologies, professionals
in this area must stay abreast of the latest advancements in adaptive control,
artificial intelligence, and machine learning to enhance the capabilities of autopilot
systems and contribute to the development of more autonomous and efficient
aircraft.

selected from the Hugging Face repository based on their ranking in the
Massive Text Embedding Benchmark (MTEB), which evaluates models
using several key metrics, including the model size, embedding di-
mensions, maximum token capacity, and memory usage (Muennighoff
et al., 2023). These models were selected based on two main consider-
ations: minimising computational costs (e.g., reducing memory usage
and model size) while maximising the number of processable input to-
kens. The two pre-trained embedding models were selected to integrate
the role and competence taxonomies within the RCE framework due to
their strong semantic search capabilities and computational efficiency,
even without domain-specific fine-tuning (see Table 12 for details).
Although both the models share similar strengths and limitations,
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Fig. 5. Semantic similarity score between the enriched competence description and the original one.

E5-large-V2 has been extensively evaluated on widely recognised
benchmarks, particularly for sentence similarity tasks (Excoffier et al.,
2024). Conversely, mxbai-embed-large-v1 has fewer publicly available
test results, making it more difficult to evaluate its precise performance
without direct experimentation. Consequently, this study aims to
empirically compare their effectiveness in linking roles and
competences.

These models were employed separately to vectorise the texts cor-
responding to each individual role within its taxonomy and for each
competence in the respective taxonomy. The most appropriate compe-
tence sets for each role can be extrapolated by calculating the semantic
similarity through the dot product between the representative vectors.

Following the RCE framework, the available data was pre-processed
into the role taxonomy and the competence taxonomy, both in Excel
format. All the information corresponded to a role, such as professional
family, macro-role, and other textual information (mission, activities,
and descriptions), was concatenated into a single cell to represent the
role description (see an example in Fig. 6). A similar process was applied
to each competence, creating a single text cell comprising descriptions
and the category it belongs to (see example in Fig. 7). This approach
enables the embedding models to better capture the overall semantic
meaning, thereby improving the likelihood of accurate association.

The embedding models vectorised the role and competence de-
scriptions in parallel. Subsequently, the representative vector of each
role was compared with all the vectors representing the competence,
thereby calculating the dot product score. The associated competencies
were sorted in descending order of the similarity score for each role, and
the top 16 competencies were extracted per role. These competencies
were selected based on an average derived from the manually created
role-competence matrix by the company (Table 5).

In this phase, we primarily aimed to test whether RCE combined with
embedding models is a valid alternative for automatically creating role-
competence matrix. The automatically generated role-competence pairs
from two different embedding models (i.e. E5-large-V2 and mxbai-
embed-large-vl) was compared against the manually created ground
truth (GT) dataset provided by the company.

The records are categorised into job families and the matching role-
competence pairs are identified to evaluate the performance of the
models (i.e. precision, recall, and F1-score), as shown in Table 13. This
analysis was conducted on both the original competence descriptions
and the ASTEM-enriched descriptions to determine whether semantic
enrichment effectively enhanced the text, thereby making it more
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semantically informative and reducing ambiguity in the embedding-
based similarity analysis. The results indicate that semantic enrich-
ment with ASTEM, combined with GPT-4, enhances the competence
descriptions, making them more useful and interpretable for embedding
models when compared with the original descriptions in the competence
taxonomy. Furthermore, the comparative analysis between the two
embedding models demonstrates that mxbai-embed-large-vl consis-
tently outperforms E5-large-V2 in terms of the precision, recall, and F1-
score across most job families. Notably, differences and patterns in the
model performance metrics emerged across various job families. For
instance, considering the job families, although the TM roles demon-
strated higher precision in associating competencies, the EM roles
exhibited lower precision, indicating that both models frequently sug-
gested ‘incorrect’ competencies for EM roles despite high similarity
scores. This discrepancy raised concerns regarding the potential biases,
embedding model limitations, and structural differences between the
descriptions of the roles.

To analyse this, we systematically extracted two EM and TM roles
with the highest number of incorrect (false positive) competence asso-
ciations to perform a qualitative comparative analysis. The number of
common competencies between those selected automatically (RCE) and
those defined manually (GT) is significantly lower in the EM roles, as
shown in Table 14.

The EM roles (see an example in Table 15) present greater semantic
complexity, as they include both strategic governance and operational
management aspects. This caused ambiguity in the competence selec-
tion for the embedding models, where the models incorrectly prioritised
operational and task-specific competencies (e.g., supplier management
and work package definition) over broader engineering governance ones
(e.g., system integration and project control). Conversely, the TM roles
presented less ambiguity as they focused on innovation, technology
scouting, and research collaboration. The embedding models were more
successful in aligning competencies for these roles as their descriptions
are clearer and less mixed with operational tasks. In fact, the embedding
models are typically trained on datasets that contain rich documentation
on technological innovation and business strategy (Excoffier et al., 2024;
Wang et al., 2022), whereas they have less detailed coverage on speci-
alised engineering knowledge (Pursnani et al., 2023; Roemer et al.,
2024), thereby limiting the ability of the model to capture the EM
role-specific competencies.

Another analysis was conducted to evaluate the total number of role-
competence pairs identified by both the models and their alignment
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Table 11
Example of comparison between original and enriched descriptions with low
and high similarity score.

Category Electrification

Competence Name Chemistry, Mechanical and electric systems

Original Competence Description =~ Management of mixed systems.

Enriched Competence Description (Score: 54,7)

This competence requires the comprehensive understanding and integration of
chemical, mechanical, and electrical systems within various engineering
applications. It requires a multidisciplinary approach to design, analyse, and
manage systems where these three domains intersect. Professionals with this
competence can effectively navigate the complexities of systems that rely on
chemical processes, mechanical operations, and electrical controls. They can
effectively ensure that the different components work harmoniously, optimising
performance, and troubleshooting issues that arise from the interplay of these
elements. In the context of electrification, this competence is particularly relevant
for the development of batteries and fuel cells, where chemical reactions produce
electrical energy, and mechanical components are essential for the structural
integrity and thermal management of the system. It is also crucial in the design of
electric vehicles and renewable energy systems, where mechanical and electrical
engineering principles must be applied in tandem to achieve efficient energy
conversion and utilization. Professionals with this competence are expected to stay
abreast of technological advancements in materials science, electromechanical
systems, and energy storage solutions. They typically collaborate with cross-
functional teams, including chemical engineers, mechanical engineers, and
electrical engineers, to innovate and improve system designs for enhanced
sustainability and performance.

Category Materials & Structures

Competence Name
Original Competence
Description

Additive Manufacturing

Knowledge and application of additive manufacturing

approaches, including assessing the potential

performance of additive approaches against a set of
requirements. Knowledge and application of main
techniques, tools and instrument of the additive
manufacturing (e.g., 3D printings). Contribution to
tasks adjacent to additive manufacturing, including
broader technology assessment, defence anti-tamper,
materials analysis, and test and component
qualification.

Enriched Competence Description (Score: 82,5)

This competence requires a comprehensive understanding of the processes and
technologies used to create three-dimensional objects by adding material layer-by-
layer, contrary to conventional subtractive manufacturing methodologies.
Proficiency in this area includes the ability to evaluate and select appropriate
materials, such as polymers, metals, and composites, for specific applications, along
with the optimization of design for additive manufacturing (DfAM) principles to
ensure efficient and effective production. Individuals with this competence are
adept at operating and maintaining various additive manufacturing equipment,
such as stereolithography (SLA), selective laser sintering (SLS), and fused deposition
modelling (FDM) machines. They are also skilled in implementing computer-aided
design (CAD) software to create digital models and prepare them for production.
The role extends to the integration of additive manufacturing into the existing
production workflows, thereby ensuring compliance with the industry standards
and regulations. It is essential for roles such as materials engineers, design
engineers, and manufacturing engineers involved in the aerospace, automotive,
medical, and defence industries, where the ability to produce complex, lightweight,
and custom parts can significantly enhance product performance and innovation.

with GT, grouped by semantic similarity scores. Table 16 presents the
results, which indicated that both mxbai-embed-large-v1l and E5-large-
V2 exhibit similar performance patterns. In particular, the precision of
role-competence associations improves significantly with the increase in
the semantic similarity score.

E5-large-V2 does not present any matches in the lower ranges
(60-75) due to its similarity scores clustering around higher values (0.7
to 1.0) because of the model architecture (Wang et al., 2022). Even if the
scores are normalised (e.g., to a 0-1 scale), this process does not
inherently make them comparable across models. The meaning of a
normalised score can still vary based on the specific characteristics and
training of the model. Therefore, for tasks such as text retrieval or se-
mantic similarity, the relative ranking of the scores is more important
than their absolute values (Wang et al., 2022).

The Venn diagram in Fig. 8 presents significant insights regarding
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Table 12
Pre-trained embedding models used for RCE application in case study.

Model #1
Model #2

E5-large-V2 (Wang et al., 2022)
mxbai-embed-large-vl (Xianming & Jing, 2023)

Description Transformer-based sentence embedding models trained on multi-task
data (e.g., natural language inference, question-answer retrieval,
paraphrase detection, etc.) and designed for tasks involving semantic
similarity, information retrieval, and other NLP applications where
good dense text representations are necessary.
Key e Open-source models hosted on Hugging Face, providing

Features transparent access to model weights and code under permissive
licenses.
Their documentation is accessible and explains how to use, fine-
tune, and evaluate them on various tasks.
They have relatively low computational requirements when
compared with massive LLMs (e.g., GPT), making them accessible
for most research or production settings.
Both are primarily fine-tuned for producing text embeddings (e.g.,
for semantic search or similarity). This narrow objective may
constrain their ability to handle more general NLP tasks (e.g.,
detailed reasoning or context-heavy generation).
They have fewer parameters than the largest LLMs, which can
reduce their ability to capture nuanced context or rare linguistic
phenomena—especially on highly specialised or technical topics.
Like most transformer-based encoders, they have a fixed token
limit; text exceeding this limit must be truncated or split. This can
cause loss of crucial context in longer documents.
They may underperform on niche scientific or domain-specific
texts without further fine-tuning as they are general-purpose
embedding models.

Limitation .

the performance and overlap of three sets (i.e., GT, E5-large-V2, and
mxbai-embed-large-v1). The GT set contains 2397 unique elements,
indicating a significant portion of data that neither model captures.
Notably, the two models share 2527 elements, highlighting their effec-
tiveness in capturing certain aspects of the role-competence data.
Additionally, there are 1017 common elements across all three sets,
indicating areas where both the models align well with the GT.

Discussion
Research implications

The results of this study help in establishing a knowledge base that
can serve as a starting point for more in-depth studies in the future,
making innovative Al technologies accessible and promoting informed
use in the fields of competence-based HRM.

First, this study presents a detailed overview of the LLMs, including
the fundamental principles of their architecture and functioning.
Extensive research has been conducted (e.g., Vaswani et al., 2017; Wang
et al., 2022) on explaining the working of these models; However, the
previous studies were typically highly technical and limited research
was conducted (e.g., Amin et al., 2022; Kurek et al., 2024) on applying
competence-based HRM. Therefore, this study helps researchers and
professionals without a specific background in computer science, as it
elucidates complex concepts and presents a comprehensive under-
standing of the technologies underlying modern Al By providing clear
and in-depth explanations of the working of LLMs, the transformer ar-
chitecture (Vaswani et al., 2017), and the role of embedding in capturing
the semantic nuances of texts (Excoffier et al., 2024), this study helps in
establishing a solid knowledge base that can facilitate further studies
and applications in this field.

Furthermore, this study proposes ASTEM, which leverage the LLMs
to generate enriched descriptions for corporate competence taxonomy
elements, thereby emphasising the importance of prompt engineering in
formulating requests to LLMs to obtain relevant and accurate responses
(Chen et al., 2023). Although previous studies demonstrated that LLMs
can generate structured text by capturing complex word relationships,
they typically suffer from contextual inaccuracy and specificity issues
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ID Job Family |[Macro-Role |Macro-Role DescriptiodRole Role Description Role Mission |Role Activities
Analysis and design of
AirVehicle Systems Preliminary assessments .
= . g Analysis and -
through specific analysis and trade-offs based on edss of Perform preliminary
AirVehicle [(eg. regarding RAMT, analyses for what is Aj \‘%nhid Assessments and trade-offs
Eocinesdi System safety) and quantitative |Platform regarding AirVehide .Svrstczcns “ based on analyses for what is
A01-02|.°° . € Integration- |assessement (e.g. about |Concept and (Concept, to achieve the e L regarding Air Vehicle
Aeronautics . . : s~ L starting fom a
Analysisand [weight and balance, Architecture |mission objective of the liminary Concept
Design aerodynamics, loads), System, also with the Py Leverage methodologies and
: . |assessment of .
starting from a support of methodologies I— dedicated tools
preliminary assessment of| and dedicated tools i
concept
D Concatenated Information
Engineering - AeronauticsAirVehicle System Integration-Analysis and
DesignAnalysis and design of AirVehicle Systems through specific analysis (e.g.
regarding RAMT, safety) and quantitative assessement (e.g. about weight and
balance, aerodynamics, loads), starting from a preliminary assessment of
conceptPlatform Concept and ArchitecturePreliminary assessments and trade-offs
A01-02  |based on analyses for what is regarding AirVehicle Concept, to achieve the mission

objective of the System. also with the support of methodologies and dedicated
toolsAnalysis and design of AirVehicle Systems, starting from a preliminary
assessment of conceptPerform preliminary Assessments and trade-offs based on
analyses for what is regarding Air Vehicle Concept

Leverage methodologies and dedicated tools

Fig. 6. Role taxonomy pre-processing for RCE implementation.

(Vartinen et al., 2022). ASTEM mitigates these limitations by integrating
a preliminary taxonomy analysis, defining clear enrichment objectives
to ensure that the LLM-generated descriptions align with the corporate
taxonomies and prompt engineering techniques, thereby refining
queries to optimise the LLM performance and improve the contextual
accuracy (Chen et al., 2023; White et al., 2023). The iterative evaluation
and prompt refinement, improves outputs to reduce hallucinations and
factual inconsistencies (Lesage et al., 2024).

This methodology helps in reducing the manual effort required in
taxonomy management and improving the contextual integration of
various taxonomies (e.g., roles and competence). In particular, using
LLMs to generate synthetic competence descriptions highlights a new
application of generative Al in the context of HRM. The capability to
generate accurate and contextualised enriched data can be extended to
other types of taxonomy (e.g., technology, processes), thus presenting
significant opportunities to improve the management recommendation
systems even without the unavailability of the structured labelled
dataset.

This study also proposes the RCE framework combined with
embedding models to automate the association between the professional
roles and required competence. The RCE reduces the time and resources
required to create and maintain these associations, while also ensuring
that the data remains up-to-date, regardless of changes to the company
taxonomies. The RCE framework builds upon the previous studies con-
ducted on embedding models for HRM (Amin et al., 2022; Kurek et al.,
2024) but extends their application beyond simple job-description
matching to create a fully automated taxonomy integration framework.

The automation of the role-competence association process repre-
sents a significant innovation in competence-based HRM, thereby
providing a replicable model for future research. The comparison of E5-
large-V2 (Wang et al., 2022) and mxbai-embed-large-vl (Xianming &
Jing, 2023) pre-trained embedding models demonstrates their differ-
ences in the semantic similarity tasks. This comparison serves as a
benchmark for future studies aiming to evaluate the performance of
other embedding models in role-competence association tasks and
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similar applications.

The results of the RCE application with two different pre-trained
embedding models also demonstrated that the ASTEM enriched
competence taxonomy improves the effectiveness of the embedding
models in creating accurate associations. This indicates that the
embedding models can become fundamental tools to retrieve informa-
tion with high accuracy if they are supported by adequate and rich
textual content. Therefore, the effectiveness of the embedding model in
capturing the semantic nuances between texts and creating relevant
associations between the roles and competence could be a starting point
to analyse other types of applications, such as the competence-
technology association.

The ASTEM and RCE frameworks also contribute by extending the
dynamic capabilities theory (Teece et al., 1997) and the KBV of the firm
(Grant, 1996). Based on the dynamic capabilities perspective, the
structured use of LLMs in HRM enhances the ability of an organization to
sense, seize, and transform competence-related information. By
improving the management of taxonomies and promoting a stand-
ardised competence-based approach, companies can dynamically adapt
to evolving workforce requirements while avoiding dependence on
biased or opaque decision-making processes. By automating the se-
mantic enrichment of corporate competence taxonomies, ASTEM en-
ables organizations to dynamically update and refine their competence
datasets, thereby ensuring that newly emerging competencies and
technologies are promptly incorporated. RCE further enhances the
sensing and transformation capabilities of an organization by auto-
mating the identification and matching of competencies to roles, thereby
improving the workforce adaptability and strategic alignment.

Additionally, from a KBV perspective, this study employs LLMs as a
tool to enhance the ability of the firm to organise, structure, and utilise
knowledge assets effectively. Furthermore, this study states that firms
gain a competitive advantage through effective knowledge management
(Grant, 1996). ASTEM employs KBV by structuring unstructured
corporate knowledge into enriched competence descriptions, thereby
making knowledge more accessible and actionable. The RCE framework



G. Barba et al.

Journal of Innovation & Knowledge 10 (2025) 100780

ID |Category |Competence

ASTEM _ Competence_Description

Radio

Electronics | Communicati

This competence involves a deep understanding of the principles and practical applications of
electromagnetic wave transmission and reception. It encompasses the design, implementation, and
optimization of systems that use radio waves to exchange information over various distances
without the need for physical connections. Proficiency in this area includes the ability to analyze
and predict the behavior of radio waves as they travel through different environments, which is
crucial [or ensuring reliable communication in various settings, [rom urban to rural and cven in
challenging terrains.

Professionals with this competence are adept at utilizing sophisticated software tools to model
radio wave propagation and to create effective coverage maps that are essential for the planning
and deplovment of wireless networks. They are also skilled in the calibration and adjustment of

on

radio systems to mecet specific performance criteria, ensuring compliance with international
standards such as those governing 4G and 5G cellular networks, as well as industry-specilic
protocols like Digital Mobile Radio (DMR), Terrestrial Trunked Radio (TETRA), and Air Traflic
Control (ATC) communication systems.

In practice. individuals with this competence are integral to the fields of telecommunications,
acrospace, defense, and public safety, where they contribute to the development and maintenance
of critical communication infrastructurcs. Their expertise supports the scamless operation of
cverything from mobile phone networks to emergencey responder radio systems and air traflic
management communications.

Concat d_Information

Category: Electronics; Competence: Radio Communication

challenging terrains.

(ATC) communication systems.

radio systems and air traffic management communications.

This compctence involves a deep understanding of the principles and practical applications of clectromagnctic wave
transmission and rceeption. It encompassces the design, implementation, and optimization of systems that usc radio
waves 1o exchange information over various distances without the need [or physical connections. Proficiency in this
area includes the ability to analyze and predict the behavior of radio waves as they travel through different
environments, which is crucial for ensuring reliable communication in various settings, from urban to rural and even in

Profcssionals with this competence arc adept at utilizing sophisticated software tools to model radio wave propagation
and to create cffcetive coverage maps that arc essential for the planning and deployment of wircless networks. They
are also skilled in the calibration and adjustment of radio systems 1o meel specilic performance criteria, ensuring
compliance with international standards such as those governing 4G and 5G cellular networks, as well as industry-
specific protocols like Digital Mobile Radio (DMR), Terrestrial Trunked Radio (TETRA), and Air Traffic Control

In practice, individuals with this competence arc integral to the ficlds of telecommunications, acrospace, defense, and
public safecty, where they contribute to the development and maintenance of critical communication infrastructurcs.
Their expertise supporls the scamless operation ol everything [rom mobile phone networks to emergency responder

Fig. 7. Enriched competence pre-processing taxonomy for RCE implementation.

strengthens the KBV applications by employing Al-driven embeddings to
systematically associate knowledge with the organizational roles,
thereby reducing dependence on manual and the typically subjective
knowledge mapping processes. Rather than delegating critical
decision-making to Al-based models, the proposed approach ensures
that these models enrich the corporate knowledge, thereby making in-
formation more accessible and actionable without compromising the
ethical and legal considerations. By consciously limiting the applications
of the LLMs to non-intrusive, but high-value knowledge structuring
tasks, organizations can leverage the strengths of Al while mitigating the
risks, thereby ensuring a balanced integration of human expertise and
technological advancements.

Practical implications

In this study, we demonstrate how adopting LLMs can significantly
transform the field of competence-based HRM, presenting new avenues
for research and practical applications. In particular, the integration of
advanced LLMs and prompt engineering represents a crucial step to-
wards the automation and optimisation of competence management,
promoting a more efficient usage of human resources and improving the
business performance.

The implementation of the ASTEM and the RCE framework enables
the automation of the semantic enrichment and association process
between roles and competence enabling companies to significantly
reduce the time and resources needed to keep their competence and
roles taxonomies up to date, thereby improving operational efficiency
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and information accuracy. These contributions enable the companies to
save on human resources costs by reducing the need for manual in-
terventions, which are typically time-consuming and resource-intensive.
The conventional methods typically require subjective and manual
evaluations, which can cause errors, inefficiencies and introduce
subjectivity in the evaluation (Arslan & Cruz, 2022). Companies can
achieve more accurate and consistent evaluations by leveraging LLMs,
thereby eliminating many of the inefficiencies associated with the
manual processes.

ASTEM includes iterative phases of evaluation and improvement,
thereby ensuring that the generated descriptions and associations are
constantly refined based on feedback. This continuous improvement
process ensures that the adopted solutions remain relevant and effective
over time.

In particular, companies can more precisely identify the ideal can-
didates for specific job positions and develop targeted training plans by
using pre-trained embedding models to associate competence and roles
through RCE. This process improves employee satisfaction as they are
assigned to roles that best match their competence and aspirations.
Additionally, targeted training plans help employees to further develop
the competence required to excel in their roles, thereby increasing their
motivation and reducing the turnover rates.

The ability to keep competence taxonomies updated enables com-
panies to rapidly adapt to market changes and new technological re-
quirements (Frierson et al., 2023). This is particularly relevant in
high-tech sectors, where the evolution of the required competence is
continuous and rapid. An updated and dynamic system enables the
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Table 13

Performance metrics of role-competence pairing by job family.

E5-large-V2

mxbai-embed-large-v1

Enriched Competence Descriptions Original Competence Descriptions Enriched Competence Descriptions

Original Competence Descriptions

F1-score
45,8 %
33,0 %
31,5 %
27,2 %
31,8 %
29,1 %
31,6 %

Recall

Precision
48,3 %
32,6 %
33,0 %
27,9 %
31,5 %
25,7 %
31,9%
Mean

Match
85

F1-score
27,5 %
27,2 %
20,6 %
20,3 %
20,0 %
22,4 %
15,5 %

Recall

Precision
29,0 %
26,8 %
21,6 %
20,8 %
19,8 %
19,7 %
15,7 %
Mean

Match

51

F1-score
51,2 %
38,6 %
32,8 %
34,0 %
32,0 %
29,8 %
32,5%

Recall

Precision
54,0 %
38,0 %
34,3 %
34,9 %
31,7 %
26,3 %
32,8 %
Mean

Match
95

F1-score
39,9 %
29,9 %
30,5 %
20,8 %
24,2 %
22,7 %
17,2 %

Recall

Precision
42,0 %
29,4 %
31,9 %
21,3 %
23,9 %
20,1 %
17,4 %
Mean

Match
74

RCE
176
384
464
832
464

GT

JF
™
AE

43,6 %
33,5 %
30,2 %
26,5 %
32,1 %
33,5 %
31,3 %

26,2 %
27,6 %
19,8 %
19,8 %
20,2 %
25,8 %
15,4 %

48,7 %
39,1 %

37,9 %
30,3 %
29,2 %
20,3 %
24,4 %
26,2 %
17,1 %

195
373
506
874
455
233

125
153
232
146
78

413

103
100

1

146
159
290
147
80

113
148
177
111

61

31,4 %
33,2 %
32,3 %

EE

73

SW
ME

92

34,3 %
32,2 %

304

EM
SE

203

425

1318 1296 225

Total
3954

Total
1232

Total

782

Total
1342

Total
909

32,9 %

33,0 %

33,0 %

21,9%

22,1 %

22,0 %

35,8 %

35,9 %

359 %

26,4 %

26,5 %

26,6 %

3920

JF, Job Family.

GT, Role-competence pairs in the ground truth.
RCE, Role-competence pairs found with RCE framework and embeddings models.
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Table 14
Overlap between competencies assigned by RCE and manually in the GT for EM
and TM roles.
D ROLE RCE GT Match
EM- Technical Disciplines Management and Activities 16 20 3
1 Planning
EM- Chief Engineering and IPT Technical Governance 16 13 4
2
TM- Technology Scouting 16 19 8
1
TM- Innovation Management 16 20 8
2

companies to promptly respond to new challenges and opportunities,
thereby maintaining a competitive advantage. This supports the
decision-making process by providing information based on accurate
and current data, thereby improving the quality of strategic decisions
corresponding to talent management and competence development (Qin
et al., 2020). Decisions based on concrete data and advanced analyses,
known as data-driven decision-making, are typically more effective and
can achieve better outcomes when compared with decisions based on
intuition or outdated data, particularly in the industrial sectors
(Bousdekis et al., 2021).

A common concern when discussing LLMs is the bias present in their
training datasets, which can affect the quality and neutrality of their
outputs (Furizal et al., 2024). These datasets are vast and diverse,
incorporating conflicting perspectives and a wide range of ideological
perspectives (Vasanthan et al., 2021). Unlike a single human evaluator,
who may unconsciously prioritise certain competencies over others
based on the subjective preferences, the biases of LLMs can be rectified
through standardised processing methods and prompt engineering, as
demonstrated by the gender bias (Dwivedi et al., 2023). Despite the
concern regarding bias in the LLM outputs, their ability to process vast
and diverse information makes them more advantageous than conven-
tional HR decision-making, presenting a more systematic, scalable, and
objective approach to competence management.

Lastly, this study promotes competence-based HRM approach as it
facilitates the assignment of the most appropriate roles for each
employee, promoting a healthy and meritocratic work environment.
This encourages employees to develop the competence necessary to
effectively contribute to the objectives of the company, thereby
improving both the individual and collective productivity. A positive
and meritocratic work environment also contributes to employee
retention, thereby reducing the costs associated with turnover
(Shivanjali et al., 2019). Table 17 presents the strengths and limitations
of ASTEM and RCE when compared with the conventional HRM ap-
proaches, which emphasises adaptability, bias reduction, scalability,
and interpretability.

Limitations and future trends

Although this study presents significant research and practical con-
tributions, it faces limitations that may pave the way for future research
improvements in the field of LLMs and their applications in competence-
based HRM.

One of the main limitations of the study concerns the generalizability
of the results. The study is based on a specific case in the aerospace
sector, and the solutions and results obtained may not be readily
transferable to other sectors without further adaptation and validation.
The exclusive focus on the aerospace industry limits the applicability of
the findings, and further studies in diverse industries such as healthcare,
finance, and manufacturing will help validate and refine the proposed
frameworks. Future research must also consider sector-specific compe-
tence taxonomies and the varying organizational structures that may
influence the effectiveness of the ASTEM and RCE framework.

Furthermore, we demonstrated that the use of pre-trained
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Table 15
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Example of RCE output for a EM-1 role from different embedding models and GT.

ID EM-1
Technical Disciplines Management and Activities Planning

Role

Description:

Governance of the overall product/project/program during the entire product/project/program lifecycle, ensuring the design authority integrity.
In the frame of the IPT, delivery of the overall engineering solution through the management of the cross-disciplined engineering team, ensuring that the engineering team delivers an
integrated solution compliant with the customer, contractual, legislative, and division requirements, also integrating all aspects related to performance, schedule, and cost

perspective.

e Organization of the WBS corresponding to a specific project/product, with consequent scheduling of all engineering activities and elaboration of periodical reports.
e Definition of key performance indicators to measure the efficiency and effectiveness of engineering processes, with the elaboration of reports to support the process performance

analysis.

Competence

R&T and Advanced Research Projects Management

E5-large-
V2

This competence involves overseeing the lifecycle of the research and technology (R&T) initiatives, from conceptualization to completion. It requires the ability to
orchestrate the preparatory phase, which includes defining the project scope, forming strategic partnerships, and negotiating terms within a consortium. The
individual must possess the acumen to establish compelling project proposals that align with organizational goals and secure funding or support.

Once a project is initiated, the focus shifts to the diligent management of its execution. This includes monitoring the progress against predefined targets corresponding
to the cost, schedule, performance, and quality. The role demands a proactive approach to problem-solving and the capacity to adapt to evolving project requirements
while aligning with the technology development objectives. The competence extends to ensuring that the outcomes of R&T projects are not only achieved but also
effectively leveraged. This involves the preparation of an exploitation plan that defines the utilisation or commercialization of the results post-project. The individual
must also ensure a smooth transition to project closure, capturing learnings and best practices for future endeavours. Professionals in engineering roles, such as R&D
managers, project engineers, and technology strategists, typically exhibit this competence. They must be well-versed in project management methodologies and tools,
as well as emerging technologies relevant to their field.

Competence

Business Performance Management and Process improvement

mxbai-embed-large-

vl

This competence requires a comprehensive understanding of the intricate web of processes that support the engineering operations and their
interdependencies with broader organizational functions. It requires the ability to critically analyse the current workflows, identify inefficiencies, and
conceptualise enhancements that can lead to increased productivity and cost-effectiveness. Professionals who adept in this area are skilled in employing
various methodologies, such as Lean, Six Sigma, and Continuous Improvement to drive process optimization. They are also proficient in setting and
monitoring the performance metrics to ensure that the improvement efforts align with strategic business objectives. Mastery of this competence enables
individuals to facilitate cross-functional collaboration, thereby fostering a culture of excellence and innovation that can significantly contribute to the
competitive edge of the company. It is particularly relevant for roles such as Process Engineers, Quality Assurance Managers, and Operations Directors tasked
with overseeing the seamless integration of engineering processes with the business’s overall performance goals.

Competence

Concurrent engineering

GT

This competence requires the understanding and utilization of integrated approaches for product development, where cross-functional teams work collaboratively
from the initial design phase through to production. It emphasises the parallelization of tasks to reduce the development time, improve the product quality, and reduce
the costs. Professionals who adept in this area are skilled in coordinating various disciplines, such as design engineering, manufacturing engineering, and quality

assurance, to ensure that product development considerations are addressed holistically. They are familiar with tools and methodologies that facilitate concurrent
engineering, such as computer-aided design (CAD) and computer-aided manufacturing (CAM). Furthermore, they can leverage these technologies to optimise design
for manufacturability and assembly (DFMA). By simultaneously considering all the elements of the product lifecycle, they can anticipate and mitigate potential issues
in the early stages of design, thereby leading to more efficient processes and successful product launches. This competence is crucial in industries where the time-to-

market and rapid innovation cycles are critical, such as automotive, aerospace, and consumer electronics.

Table 16
Comparison of embedding models based on the frequency of role-competence
matches across different similarity score ranges.

mxbai-embed-large-v1 E5-large-V2

Score Range Match Frequency Match Frequency
60-65 13 14,13 % 0 0

65-70 138 28,57 % 0 0

70-75 571 30,05 % 0 0

75-80 479 37,99 % 236 21,99 %
80-85 120 65,22 % 969 34,29 %
85-95 11 68,75 % 27 72,97 %
Tot. 1342 34,10 % 1232 31,30 %

embedding models (specifically the open source E5-large-V2 and mxbai-
embed-large-vl), supported by adequate semantic enrichment, can
significantly improve the automatic association process between the
roles and competence. This indicates that the quantity and quality of
texts to be analysed are crucial for embedding models to perform well in
semantic similarity analysis tasks. However, the overall precision of the
two models indicates that there is still room for improvement, particu-
larly in the lower score semantic similarity ranges. The possibility of
reducing the human effort in validating the obtained results by estab-
lishing an optimal semantic similarity threshold further optimises the
internal processes, enabling managers to focus on higher value-added
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Venn Diagram

E5-large-V2
215 1194
2397

1017
1510
325

1084

mxbai-embed-large-v1

Fig. 8. Venn diagram with GT, E5-large-V, and mxbai-embed-large-v1 dataset.

activities. Identifying the threshold requires further research as
embedding models are trained on different datasets and model textual
information differently. Analysing other bigger models such as SFR-
Embedding-Mistral (Meng et al., 2024), is an essential approach for
achieving a more robust contribution on using embedding models to
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Table 18
Future research directions and related research questions.

Table 17
Comparative analysis of key aspects of HRM practices, ASTEM and RCE.
Adaptability and Bias & Subjectivity ~ Interpretability
Scalability
Description ~ Updates in HRM HR decisions are Al-based HRM tools
information typically typically function as
require subjective, ‘black boxes’, making
considerable time influenced by recommendations
and resources to individual difficult to justify or
adapt to different experiences, understand (Malik
contexts, making it  cultural et al., 2023)
difficult to apply backgrounds, and
them across unconscious biases
industries and as (Kurek et al.,
job roles evolve ( 2024)
Cao & Zhang,
2022)
ASTEM
Strengths Reduces manual Competence Uses structured
workload in descriptions are prompts and iterative
taxonomy based on diverse validation to improve
enrichment and datasets rather than transparency and
updating with individual opinions, explainability
customised promoting neutrality
prompts tailored and standardization
to specific
domains
Limitations  Requires iterative =~ May still inherit Still requires expert
refinements to biases from the validation to ensure
ensure alignment  datasetsused totrain ~ coherence and avoid
with domain- the LLMs misleading
specific contexts recommendations
RCE
Strengths Embedding Embedding models Uses semantic
capabilities are automate role- embeddings to
generalizable to competence capture nuanced
different matching, reducing meanings in text,
knowledge human-driven improving accuracy
domains reducing inconsistencies and
manual work in enhancing
role-competence objectivity
matching
Limitations  Effectiveness Biases in pre-trained  Interpretability

depends on the

pre-trained model
and the quality of
input taxonomies

embeddings may
still affect role-
competence
associations

remains an issue, as

embeddings
associations are
based on semantic
similarity of texts
and not experience

create role-competence associations.

Although we performed some analyses on random samples regarding
the bias of the GPT-4 for ASTEM using the CRAAP test (Blakeslee, 2004),
the bias of the embedding models for RCE was not comprehensively
analysed. Therefore, future works must analyse bias mitigation strate-
gies, including explainable AI techniques to improve the transparency
and interpretability (C.-S. Lin et al., 2023). Structured interviews with
experts from the partner company help in evaluating the obtained
ASTEM-enriched competence descriptions and RCE role-competence
association from a more quantitative perspective (Taherdoost, 2022).
Furthermore, an analysis based on clustering RCE and GT
role-competence pairs is also performed to obtain a better understanding
of this gap and the reasons behind the fact that the model does not fully
reflect the GT dataset. However, increasing the trust in these models
requires continuous collaboration between academia and industry to
ensure their responsible development and usage. Implementing
continuous evaluation mechanisms is essential for mitigating the risk of
amplifying the existing societal biases and to promote fairness and eq-
uity in HR practices (Prabhakaran et al., 2022).

In summary, Table 18 presents the key future research directions to
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Future Research Directions Research Questions

Generalizability of ASTEM and RCE
Frameworks in Different Sectors

How can the ASTEM and RCE frameworks
be adapted and validated in industries
beyond aerospace, such as healthcare,
technology, or finance?

How do larger models such as SFR-
Embedding-2_R perform in automating
role-competence associations when
compared with the models used in this

Exploration of Larger Models for
Role-Competence Association

study? What is the optimal semantic
similarity threshold for reducing human
intervention?

What are the common biases observed in
LLMs when applied in competence-based
HRM, and how can they be mitigated to
ensure fairness and accuracy in role-

Addressing Biases in LLMs

competence matching?
Can embedding models and semantic
enrichment techniques applied to role-

Exploring Competence-Technology
Associations

competence associations be extended to

competence-technology associations?
Expanding the Application of LLMs  How can LLMs be applied to other aspects
in Competence-Based HRM of HRM beyond role-competence matching,
such as career path recommendation,
competence forecasting, or performance
assessment?
How can the interpretability of Al-driven
role-competence association models be
improved to provide more transparent and
explainable outcomes for HRM
professionals and decision-makers?

Understanding Model
Interpretability in HRM Contexts

enhance the ASTEM and RCE frameworks corresponding to generaliz-
ability across various industries, the use of larger models, bias mitigation
in LLMs, extensions to competence-technology associations, and
improving Al interpretability for HRM applications.

Conclusions

In this study, we analysed the transformative potential of LLMs to
improve competence-based HRM by conducting a specific case study in
the industrial sector. We introduced two innovative solutions using
LLMs: ASTEM and RCE frameworks. These solutions represent signifi-
cant advancements in automating and enhancing competence-based
HRM processes, thereby promoting more efficient and effective
competence management.

This study contributes significantly to academic research in the fields
of competence-based HRM and the application of LLMs in business
contexts. In particular, we elucidated complex Al concepts and made
them accessible to HRM professionals by providing a detailed overview
of LLMs, including the principles of their architecture and functioning.
The emphasis on prompt engineering is particularly notable, high-
lighting its significance in optimising the LLM performance to generate
accurate and relevant responses. From a practical perspective, the pro-
posed solutions help companies to use LLMs to semantically enrich the
competence information based on their context of usage and to use
embedding models to identify the set of competencies corresponding to
a specific professional role. Companies can achieve greater operational
efficiency, reduce costs, and improve employee satisfaction by auto-
mating the semantic enrichment of taxonomies and associating the roles
with the corresponding competencies.

The findings of this study present a solid foundation for future
analysis and broader applications of LLMs in HRM and beyond. The
aerospace sector serves as a compelling case study owing to its
complexity, dependence on high-level expertise, and extensive supply
chain networks. However, the principles and methodologies presented
in this study can be applied to other high-tech and knowledge-intensive
industries. Similar challenges in competence management are observed
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in other complex manufacturing sectors, where the integration of Al-
driven competence frameworks could present comparable benefits.
However, further research must be conducted to determine cross-
industry applicability, identifying context-specific requirements and
adapting LLM-based HRM solutions accordingly.

Future works must focus on optimising prompt engineering tech-
niques, addressing biases in LLMs, and analysing larger and more
diverse datasets to improve the robustness and accuracy of the role-
competence associations. Additionally, comparative studies across
different industrial domains could provide valuable insights on effec-
tively adapting Al-driven competence management frameworks beyond
the aerospace sector, extending their relevance to broader HRM and
workforce planning strategies.
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